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ABSTRACT 

Lung cancer is the most common disease with greater morality rate. Computed Tomography (CT) images are used 

for early diagnosis of lung cancer with the help of CAD system. Selection of effective feature set and proper classifier for 

medical images where machine learning techniques are used is a challenging task. Texture analysis of computed 

tomography (CT) images is one of the important preliminary stages in the detection and classification for lung cancer. The 

image texture is characterized by Haralick texture with variety of statistical measures. The extracted texture feature values 

are used by a CAD to differentiate its type as benign or malignant. This paper aims to compare experimental results of 18 

features extracted by using Gray Level Co occurrence Matrix (GLCM) and analyses the different classifiers that can be 

used for classification of nodule as benign or malignant. Measuring the statistical parameters of the nodule is crucial for 

determining the T stage of the nodule. This paper also analysis the statistical parameters and reported the contribution of 

minimal feature set for classification and staging. GLCM features are used for classification and Geometric features used 

are used for T staging. For these analysis 23 images dataset of different types of cancer is used. 

 

Keywords: lung cancer, GLCM, feature set, classifier, nodule type, T staging. 

 

1. INTRODUCTION 

 

1.1 General 

Lung cancer is a disease that occurs because of 

unwanted growth of tissues of the lungs. Among all the 

cancers, the lung cancer causes the maximum cases of 

deaths in Men and Women [1]. Early diagnose of the lung 

tumor can increase the survival rate of 1 to 5 years. In a 

normal case, the human body checks and maintains the 

growth of cells in order to produce new cells whenever 

they are required. The unbalance of the system results in 

uncontrolled division and proliferation of cells due to 

which a mass is formed, known as a tumour. Tumour 

which grows aggressively and spread into the other parts 

of the body is known as malignant. Various computer-

aided diagnosis (CAD) systems have been designed for the 

early diagnose of lung tumor [1]. 

In medical Imaging different types of images are 

being used, but for the detection of lung cancer Computed 

Tomography (CT) images are being preferred because of 

better clarity, low noise and less distortion. The CAD 

system for processing lung CT images consists of several 

stages. 

 

Figure-1. Stages of Lung Cancer. 

 

Among these, Pre processing or lung 

segmentation, Nodule detection, Nodule segmentation, 

Feature Extraction and Classification are mandatory 

stages. Typical CAD system for lung cancer is shown in 

Figure-1. The input to the CAD system is the lung CT 

image. A lung segmentation step is used as a pre 

processing step to reduce the search space for lung 

nodules. Nodule detection step identifies the locations of 

lung nodules. The detected nodules are segmented by 

using any of the available segmentation algorithms [23]. 

Then, the desired features are extracted from the nodules. 
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These features are used to classify the nodule as benign or 

malignant and to stage it [24]. 

The classification of detected nodule into benign 

or malignant is based on the texture features [11]. Qian 

Zhao, Chang-Zheng Shi, Liang-Ping Lu in their paper 

proposed the role of texture features in the diagnosis of 

lung nodules [5]. In their study, the role of textural 

features in the differentiation of nodules had been 

investigated. Segmentation of pulmonary nodules and 

extraction of their spatial structures and gray-scale for 

improving the specificity were quantitatively described.  

Texture features of segmented nodules were 

analyzed by the method of grey level co-occurrence matrix 

(GLCM) by Qian Zhao et al [25]. The variables of texture 

features include contrast, homogeneity, correlation, energy 

and entropy. 

The proposed method uses DICOM images of 

lung CT images as input images. Contrast enhancement 

and histogram equalization techniques are used for image 

enhancement. Further the region of interest i.e. the lung 

nodule in the CT image is segmented using Random 

walker algorithm [6]. The size of the nodule, its shape, 

volume of the detected tumors and Gray Level Co 

occurrence Matrix are used for extraction of features. 

Based on these features Naive Bayes Classifier is used for 

classification of the tumours into Benign and Malignant 

tumours and Support Vector Machine (SVM) for 

corresponding T stage and the results are compared with 

other existing classifiers to show accuracy. 

The existing techniques are used only to classify 

the tumours as benign or malignant tumours. The present 

research aims to classify the tumours detected into cancer 

stages based on T staging according to TNM staging 

classification [8] and verified using performance 

measures. It will help radiologist to improve the diagnosis 

efficiency by calculating the quantity of nodule growth in 

each stage accurately [7]. 

 

1.2 Feature extraction techniques 

Image  feature  extraction  stage  is  an important 

stage  that  uses  algorithms and  techniques to detect  

various desired portions  or  shapes. The selected features 

of the affected part must be extracted [16]. Grey-Level 

Co-occurrence Matrix (GLCM) parameters are used for 

analysing the texture of the image [25]. GLCM is a 

statistical method proposed by Haralick [3], and it contains 

many statistical features. GLCM parameters are obtained 

by calculating the occurrence of pairs of specific values 

with specific relationship in an image. These features are 

generated by calculating the features for each one of the 

cooccurrence matrices obtained by using the directions 0°, 

45°, 90°, and 135°, then averaging these four values 

[5].They are used to characterise the texture of the image. 

In this work we used 18 features and they are 

autocorrelation, contrast, correlation, Cluster_promin, 

cluster_shade, dissimilarity, energy, entropy, 

homogeneity, Max_prob, sumOfSq, sumAvg, sumVar, 

sumEnt, diffVariance, diffEntropy, infmeas_corr, invdiffN 

and invdiffMN [10, 14]. 

Geometric parameters such as Area, Major and 

Minor Axis, Perimeter, Eccentricity and Diameter are used 

for T stage identification. This paper concentrates on 

feature extraction and analysis of features of 23 images of 

different types of cancer that may be used for classifying 

the nodule as benign or malignant and the corresponding T 

staging.  

The features that are extracted and used for 

classification are listed in the Appendix [15]. 

 

1.3 Classification techniques 

 

1.3.1 Support Vector Machine (SVM)  

Hiram Madero Orozco et al [13] stated that 

Support Vector Machine (SVM) is a commonly used 

classification method for medical images [21]. SVM was 

proposed by Vapnik [19]. Support vector machines are 

supervised learning models that are associated with 

learning algorithms for analyzing data used for 

classification. Hiram Madero Orozco et al [13] proposed 

an efficient methodology for lung nodule classification 

without the stage of segmentation. Eight texture features 

were extracted from the histogram and the gray level co-

occurrence matrix (with four different angles) after image 

acquisition for each CT image. Support vector machine 

(SVM), used to classify lung tissues into two classes: with 

lung nodules and without lung nodules. They obtained the 

better reliability results with 90◦ and 135◦ of the GLCM in 

their work. 

The basic SVM is a non-probabilistic binary 

classifier that takes a set of input data and for each given 

input, predicts which of two classes forms the input [18]. 

From the given set of training examples, each belonging to 

one of the output categories, an SVM training algorithm 

builds a model that categorizes the given input to one of 

the output classes.  

 

1.3.2 Naïve Bayes classifier 

Bayesian classifier (Naive Bayes Classifier) is a 

probabilistic classification method based on threshold 

parameters rather than based on trial and error testing. 

Naive Bayes methods are a set of supervised learning 

algorithms based on applying Bayes’ theorem with the 

assumption of independence between every pair of 

features. This classifier classifies the objects on the basis 

of probabilities of detected features. The probabilities of 

the class membership are assigned on the basis of Bayes 

theorem [20]. From a Bayesian viewpoint, a classification 

problem can be written as the problem of finding the class 

with maximum probability given a set of observed 

attribute values. The probability is calculated using the 

Bayes theorem. The extracted features need to be 

classified as one of the stages which will be useful to the 

physician to plan the treatment. A naive Bayes classifier 

assumes that the value of a particular feature is unrelated 
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to the presence or absence of any other feature. The 

advantage of Naive Bayes classifiers is that they can be 

extremely fast compared to other more sophisticated 

methods. Bayesian classifier is used to classify the 

detected tumours into appropriate stage. 

 

1.3.3 Sequential Minimization Optimization (SMO) 

Platt’s sequential minimization optimization 

(SMO) algorithm is a fast iterative algorithm [25].  This 

algorithm replaces all missing values and transforms 

nominal attributes into binary ones. It normalizes all the 

input attributes to the classifier by default.  The 

coefficients in the output are also based on the normalized 

data and not on the original data. Multi-class problems are 

solved using pairwise classification of SMO.  

 

1.3.4 T staging of the nodule 

The three algorithms discussed above are tested 

and the results are compared separately for lung nodule 

type detection and T-staging of the nodule. T staging is 

identified using the parametric values given in Table-1.

 

Table-1. Criteria for T descriptor. 
 

Stage  parameter T1 T2 T3 T4 

Equiv diameter 

(cm) 
5 to 7 7 to 11 11 to 21 21 to 42 

Perimeter (pixels) 18 to 25 25 to 38 38 to 80 80 to 177 

Area (pixels) 0 to 57 57 to 100 100 to 352 1446 

 

2. PROPOSED APPROACH 

 

2.1 Performance parameters 

Performance measures are the yardsticks for 

evaluating any system. The comparison of SVM, SMO 

and Naive Bayes classifier classification algorithms is 

done on the basis of the following performance 

parameters: 

 

a) Confusion matrix 

A confusion matrix contains information about 

actual and predicted classifications done by a classification 

system. Performance of such systems is commonly 

evaluated using the data in the matrix [22]. The following 

Table-2 shows the confusion matrix for a two class 

classifier: 

 

Table-2. Confusion matrix predicted label 
 

  
Positive Negative 

Known 

label 

Positive 
True Positive 

(TP) 

False Negative 

(FN) 

Negative 
False Negative 

(FN) 

True Negative 

(TN) 

 

b) TP Rate   

The True Positive (TP) rate is the proportion of 

samples that were classified as class x, which were 

originally belong to class x, i.e. benign nodule is identified 

as benign and malignant nodule is identified as malignant. 

It is equivalent to Recall. In the confusion matrix, this is 

the diagonal element divided by the sum over the relevant 

row. TP can be calculated with the following formula: 

 

�� = ��/ �� + ��        (1) 

 

c) FP Rate  

The False Positive (FP) rate is the proportion of 

samples which were classified as class x, but they belong 

to a different class. i.e., benign nodule is identified as 

malignant. In the confusion matrix, this is the column sum 

of class x minus the diagonal element, divided by the rows 

sums of all other classes. FP can be calculated using (2). 

 

FP = FP / (FP + TN)       (2) 

 

d) Correctly classified instances 

Correctly classified instances are used in order to 

find out which algorithm correctly classifies maximum 

number of sample instances.  

 

e) Incorrectly classified instances 

Incorrectly classified instances are used in order 

to find out which algorithm incorrectly classifies 

maximum number of sample instances. 

 

f) Root mean square error  

The root-mean-square deviation (RMSD) or root-

mean-square error (RMSE) is a frequently used measure. 

It is calculated as the differences between values predicted 

by a model or an estimator and the values actually 

observed. It is used to represent the degree of randomness 

of the pixels in the image. 

 

g) Mean absolute error 

The MAE measures the average magnitude of the 

errors in a set of forecasts, without considering their 

direction. It measures accuracy for continuous variables. 
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Expressed in words, the MAE is the average over the 

verification sample of the absolute values of the 

differences between forecast and the corresponding 

observation. The MAE is a linear score which means that 

all the individual differences are weighted equally in the 

average. 

 

h) Precision 

Precision is the proportion of the predicted 

positive cases that were correct, as calculated using the 

equation given below: 

 

Precision p = TP / (TP+FP)      (3) 

 

i) Recall 

Recall (true positive rate) is the proportion of 

positive cases that were correctly identified, as calculated 

using the equation below: 

 

Recall r = TP / (TP+FN)       (4) 

 

j) F-measure 

F measure is a measure of a test's accuracy. It 

considers both the precision p and the recall r of the test to 

compute the score: p is the number of correct positive 

results divided by the number of all positive results, 

and r is the number of correct positive results divided by 

the number of positive results that should have been 

returned. The F1 score can be interpreted as a weighted 

average of the precision and recall, where an F1 score 

reaches its best value at 1 and worst score at 0. 

 

2.2 Classification results for nodule type 

 

a. Confusion matrix 

Table-3 gives the confusion matrix for different 

types of classification of the nodule. The classes taken are 

Benign (B) and malignant (M). 

 

Table-3. Confusion matrix for nodule type classification. 
 

(a) 

 

 

 

Actual 

class 

Predicted class 

 B M 

B 20 1 

M 2 1 

(b) 

 

 

 

Actual 

class 

Predicted class 

 B M 

B 18 2 

M 2 2 

(c) 

 

 

 

Actual 

class 

Predicted class 

 B M 

B 12 9 

M 1 2 

Using SVM                             b) Using NaiveBayes  (c) Using SMO 

 

b. Results of classification 

Table-4 shows the summary of the classification 

and its results for performance measures for all the 3 

classifiers with 24 sample images and 7 attributes. Table-4 

gives the number of correctly classified instances. As 

could be seen this number of instances classified correctly 

is higher for SVM than SMO and Bayesian classifier. 

 

Table-4. Summary of classification. 
 

MEASURES 
SMO 

Classifier 

SVM 

classifier 

NaiveBayes 

classifier 

Correctly Classified Instances 14 21  20 

Incorrectly Classified Instances 10 3  4 

Mean Absolute Error 0.416 0.0652  0.3007 

Root Mean  Squared Error 0.311 0.284  0.395 

Relative Absolute Error 69.733 17.54  80.873 

Root Relative Squared Error 89.4 58.76  88.3244 
 

Total Number of Instances           24 

Total Number of Attributes    7 
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c. Detailed accuracy by class 

The Table-5 below gives the detailed accuracy measures for classification. It is observed from the following table 

that the TP rate is high for SVM. 

Table-5. Detailed accuracy by class for classification. 
 

 TP Rate FP Rate Precision Recall F-Measure ROC Area 

SMO 0.683 0.345 0.83 0.583 0.653 0.754 

Naïve Bayes 0.833 0.595 0.833 0.833 0.833 0.861 

SVM 0.875 0.018 0.936 0.875 0.891 0.967 

 

d. Comparison with other classifier algorithms 

To find the performances of various algorithms, 

Graphs have been plotted with the minimal attribute set. It 

has been observed from the plotted vales that SVM 

correctly classified 96.7% of instances whereas SMO 

classifies 75.4%, and naive bayesclassifies 86.1% of 

instances. SVM classifier gives maximum number of 

correctly classified instances and SMO gives minimum 

number of correctly classified instances. Figure-2 shows 

the comparison. 

Table-6. Sensitivity and specificity values for Naive 

Bayes, SVM and SMO. 
 

 
Naive Bayes 

classifier 
SVM SMO 

Correct 0.861 0.967 0.754 

Incorrect 0.139 0.033 0.246 

RMSE 0.311 0.284 0.395 

 

 
 

Figure-2. (a) Classification Algorithms comparison. (b) Root Mean Square Error comparison. 

 

It has been observed from the plotted RMSE 

values that SVM classifier gives minimum value and other 

Classifiers give maximum value of Root Mean Square 

Error value. 

 

 

 

 

2.3 classification results for T Staging 

 

a. Confusion matrix  

Table-7 gives the confusion matrix for different 

stage classification of the nodule. 

Different T stages of the nodule are T1, T2, T3 or 

T4. 
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Table-7. Confusion matrix for T-staging. 
 

 Predicted class 

Actua

l class 

 T1 T2 T3 T4 

T1 5 1 0 0 

T2 1 5 0 0 

T3 0 0 8 0 

T4 0 0 0 3 

Naïve Bayes 

 T1 T2 T3 T4 

T1 5 1 0 0 

T2 1 4 1 0 

T3 0 0 8 0 

T4 0 0 0 3 

(b) SVM 

 T1 T2 T3 T4 

T1 4 1 1 0 

T2 1 4 1 0 

T3 1 0 7 0 

T4 0 0 0 3 

(c) SMO 

 

b. Results of T staging  

Table-8 shows the summary of the classification 

and its results for performance measures for all the 3 

classifiers with 23 sample images and 18 attributes. From 

the Table below it is observed that the number of correctly 

classified instances is higher for Naïve Bayes than SMO 

and SVM classifier. 

 

Table-8. Summary of classification for T staging. 
 

Measures 
SMO 

classifier 

SVM 

classifier 

NaiveBayes 

classifier 

Correctly Classified Instances 21 20  12 

Incorrectly Classified Instances 2 3  11 

Mean Absolute Error 0.0436 0.0652  0.3007 

Root Mean  Squared Error 0.208 0.2554  0.3839 

Relative Absolute Error 11.7336% 17.54  80.873 

Root Relative Squared Error 47.859 58.76  88.32 
 

Total Number of Instances               23 

Total Number of Attributes       7 

 

c. Detailed accuracy By class 

The Table-9 below gives the detailed accuracy measures for classification. It is observed from the following table that the 

TP rate is high for Bayesian classifier. 

 

Table-9. Detailed accuracy by class for T staging by Naive Bayes classifier. 
 

 TP Rate FP Rate Precision Recall F-Measure 
ROC 

Area 

SVM 0.833 0 1 0.833 0.909 0.902 

NaiveBayes 0.87 0.054 0.866 0.87 0.865 0.972 

SMO .    0.522 0.184 0.497 0.522 0.508 0.743 

 

d. Comparison with other classifier algorithms 

To find the performances of various algorithms, 

Graphs have been plotted with the minimal attribute set. It 

has been observed from the plotted values that Bayesian 

classifier correctly classified 92.3% of instances whereas 

SMO classifies 73.9%, and SVM classifies 60.9% of 

instances.  SVM classifier gives maximum number of 

correctly classified instances and SMO gives minimum 

number of correctly classified instances. Figure-2 shows 

the comparison. 

Table-10. Sensitivity and specificity values for Naive 

Bayes, SVM and SMO. 
 

 
Naive Bayes 

classifier 
SVM SMO 

Correct 0.923 0.609 0.739 

Incorrect .077 0.391 0.261 

RMSE 0.208 0.442 0.355 
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Figure-3. (a) Classification algorithms comparison. (b) Root Mean Square Error comparison. 

 

It has been observed from the plotted vales that 

Naive Bayes correctly classified 92.3% of instances 

whereas SMO classifies 60.86%; SVM classifies 73.91% 

of instances. Naive Bayes classifier gives maximum 

number of correctly classified instances and SMO gives 

minimum number of correctly classified instances. It has 

been observed from the plotted values that Naive Bayes 

classifier gives minimum value and other SVM Classifier 

gives maximum value of Root Mean Square Error. 

 

 

 

 

3. PERFORMANCE ANALYSIS 

 

a. Minimal feature set 

Information gain algorithm is applied and 

attributes are arranged in the order of significance. 

Equivalent Diameter attribute shows the highest priority. 

The classification algorithms are applied taking one 

attribute at a time in descending order of priority i.e. 

Equivalent diameter, Major Axis length, Area, Perimeter, 

Minor Axis Length, and Eccentricity. Values of different 

parameters have been compared in order to evaluate which 

algorithm gives better results in case of Lung CT-Scan 

Images. 
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Figure-4. (a) Minimal feature set using TP Rate. (b) Minimal feature set using FP Rate. (c) Minimal feature set using 

Mean Absolute Error (d) Minimal feature set using Root Mean Square Error. 

 

From the graphs it is found that the attributes 

equivalent diameter, major Axis length, Area, Perimeter 

form the Minimal Attribute Set. This minimal attribute set 

gives optimal results for the classifying algorithms being 

used. 

 

CONCLUSIONS 

The statistical analysis of features and classifiers 

for identifying nodules and its T staging in lung CT 

images performed with the three classifiers SVM, Bayes 

and SMO were presented in this paper. The following 

results were observed in this study: The entropy, contrast 

and correlation of malignant nodules were higher than 

those of benign nodules. However, the energy, 

homogeneity and correlation were higher in benign 

nodules than in malignant nodules. Therefore, there were 

statistically significant differences in the variables of 

texture features. Thus, the heterogeneity or complexity of 

malignant nodules was higher than those of benign 

nodules, while more homogenous and uniform 

appearances were observed for benign nodules. With 

respect to classification of nodule type Support Vector 

Machine gives better results than Bayesian and SMO 

classifier. For T staging classification prominent results 

are obtained using Naïve Bayes classifier than SVM and 

SMO classifiers. 
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Appendix A 

 The following features are used: 

 

 Area (A)  

 It shows the actual number of pixels in the ROI. 

 

A=∑ � ,,      

                      (5) 

 

For a binary image, if 1 represents object and 0 represents 

background, then the area  A , is the number of f(i,j) = 1.  

 

 Major and  minor axis  of  ROI 

 The equivalent elliptical major and minor axis of 

irregular region is defined as: 

 

 
 

Figure-5. Major axis and Minor axis of a region. 

 

Major axis, 

 

a=2 × [ � +� +√ � +� +4�� ] ⁄
     (6) 

 

Minor axis, 

 

b=2 × [ � +� −√ � +� +4�� ] ⁄
     (7) 

 

where µ is the central moment. The  major  axis  ‘a’  is  
seen  as  the  diameter  of  ROI . 

 

 Perimeter 

 Perimeter property is calculating the distance 

between each adjoining pair of pixels around the border of 

the region. If the image contains discontinuous regions, 

then it returns unexpected results.  Perimeter is calculated 

by counting the pixels contained only in the boundary. 

 

 Eccentricity 

 The eccentricity is defined as the ratio of the 

distance between   the   focus   of   the   ellipse and its 

major axis length. 

 

Eccentricity=Minor Axis Length/Major Axis Length     (8) 

 

 Equivalent  diameter 

 It is defined as   the diameter of a circle with the 

same area as the ROI. 

 

Equivalent Diameter =
√4∗Area√ℿ                    (9) 

 

 Energy: It is the summation of squared elements in 

the GLCM and its value ranges between 0 and 1. 

  

Energy =∑ p i, j�=                                 (10) 
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 Contrast: It is the measure of contrast between an 

intensity of pixel and its neighboring pixels over the 

whole ROI. where N is the number of different gray 

levels.  

Contrast =∑ ∑ i − j p i, j�=�=                 (11) 

 

 Homogeneity: It is the measure of closeness of the 

distribution of elements in the GLCM to the GLCM 

of each ROI and its Value ranges between 0 and 1.  

Homogeneity =∑ p ,+| − |�,                  (12) 

 

 Correlation: It is the measure correlation of pixel to 

its neighbor over the ROI.  

Correlation =∑ ∑ p , −µrµc
σrσc�n

=                 (13) 


